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ABSTRACT
Programming can be an emotional experience, particularly for undergraduate students who are new to computer science. While
researchers have interviewed novice programmers about their emotional experiences, it can be difficult to pinpoint the specific emotions that occur during a programming session. In this paper, we
argue that electrodermal activity (EDA) sensors, which measure
the physiological changes that are indicative of an emotional reaction, can provide a valuable new data source to help study student
experiences. We conducted a study with 14 undergraduate students
in which we collected EDA data while they worked on a programming problem. This data was then used to cue the participants’
recollections of their emotions during a retrospective interview
about the programming experience. Using this methodology, we
identified 21 distinct events that triggered student emotions, such as
feeling anxiety due to a lack of perceived progress on the problem.
We also identified common patterns in EDA data across multiple
participants, such as a drop in their physiological reaction after
developing a plan, corresponding with a calmer emotional state.
These findings provide new information about how students experience programming that can inform research and practice, and also
contribute initial evidence of the value of EDA data in supporting
studies of emotions while programming.
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1

INTRODUCTION

For introductory computer science students, code writing can produce a roller-coaster of emotions, from frustration and desperation
to joy and pride [6, 7, 13, 16, 26]. Even though emotions are experienced in small moments, they have been shown to correlate
with longer-term outcomes like project and course performance
[6, 7, 25, 29], self-efficacy [27, 29], and self-assessed productivity
[24]. For example, Lishinski et al. found that feelings of pride are
positively correlated with project scores, while feelings of frustration are negatively correlated [29]. As a result, the emotions
that students experience while programming are important for
practitioners and computing education researchers to understand.
Identifying the specific causes of students’ emotions while programming is key to improving their programming experiences. A
number of studies have explored programmer emotions using a
variety of methods, including asking general questions about the
events that trigger emotions [22, 34], interrupting students while
programming to learn about their emotions [20], and asking about
affect during predetermined events [7]. While these studies provide
a valuable foundation to our understanding of programmer emotions, they have a number of limitations. Participants often struggle
to accurately recall their emotional reactions after the fact [36],
but interrupting them as they work impacts the authenticity of the
programming experience. However, we currently lack a method
for analyzing emergent programmer emotions during authentic
programming sessions with a moment-to-moment unit of analysis.
Measuring physiological reactions throughout a programming
session may provide new insights into the emotional experiences of
programmers. Emotions are not just cognitive reactions; they also
create physiological changes in the body, like increases in heart
rate and sweat production, which can be measured by sensors [9].
Physiological sensors provide continuous and fine-grained data
that allow researchers to pinpoint particular moments when people experience emotions and analyze emotions across time. Since
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people may not always be aware of their emotions, physiological
devices can measure emotional stimuli even when people are not
cognizant of those experiences [5, 8].
With the increasing availability of sensors, cued-recall experts
have suggested adding information provided by physiological data
sources to retrospective interviews to assist in triggering student
recall of events [4]. Physiological data provides an additional lens
through which interviewers and participants can view participants’
emotional experiences, which complements the cognitive and behavioral indicators that we can measure with surveys, interviews,
log data, and observation [8, 9, 19]. Physiological data sources may
help improve student recall in retrospective interviews by surfacing
moments of high emotional responses for further discussion. However, we are not aware of any existing studies that have attempted
to utilize physiological data sources with a cued-recall methodology
in the computer science education domain.
In this paper, we use electrodermal activity (EDA) sensors to
capture physiological data while students work on a programming
problem. We then utilize this data to trigger student recall during a
retrospective interview of the programming session. We use this
methodology to answer two questions:
• RQ1: What events trigger students to experience emotions
while programming?
• RQ2: How do students’ remembered experiences align with
visual inspection of EDA data?
Through our analysis, we identify 21 different events that trigger
emotions as students program. We also demonstrate the relationship between EDA data and student experiences through broader
patterns that emerged across participants. These findings have important implications for research and practice, and also suggest that
EDA data can serve as a valuable resource for prompting student
recollections during retrospective interviews.

2

BACKGROUND

Psychologists have studied emotions for decades, using tools like
EDA, while computing education researchers have explored programmer emotions more recently. In this section, we briefly define
emotions before discussing how emotions, and the triggers of emotions, have been studied with programmers. We then introduce EDA
as a tool for measuring emotional responses, and finally describe
how EDA data has been used to study programmers.

2.1

Definitions of emotion

While emotions are a common occurrence in everyday life, they are
notoriously difficult to define scientifically [42]. There is agreement
across theories that emotions involve multiple processes in the body,
including both cognition and the work of the autonomous nervous
system. This is reflected in the American Psychological Association’s definition of an emotion, which is: “a complex reaction pattern, involving experiential, behavioral, and physiological elements,
by which an individual attempts to deal with a personally significant matter or event” [1]. Similarly, Scherer’s Component Process
Model identifies five coordinated processes that make up emotions.
The five processes are: cognitive appraisal of the situation, bodily
symptoms, tendencies towards action, facial and vocal expression,
and feelings [42]. In this paper, we use this definition of emotions as
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it summarizes research showing that emotions are multi-faceted, involving co-existing processes of cognition (e.g., thoughts), behavior
(e.g., facial expression changes, activity changes) and physiology
(e.g., increased heartbeat, sweating) [42].
At times, people experience different emotions when encountering the same situations. Appraisal theory states that an individual’s
perception of a situation predicts the emotions that one feels [40].
These perceptions are based on two key factors: motive consistency
and evaluation of responsibility [40]. Motive consistency suggests
that if an event is consistent with an individual’s motives, he will
feel a positive emotion; if the event is not consistent, then he will
feel a negative emotion. Evaluation of responsibility refers to an
individual’s belief of the cause of the event, specifically whether the
event was caused by ourselves, others, or general circumstances.
For example, an event that is inconsistent with one’s motives and
caused by oneself, like if one causes a friend to be hurt, may lead to
guilt. On the other hand, an event caused by external circumstances,
like if a train is very late, may lead to disgust [40].

2.2

Emotions in student programming

With the recent trends towards studying student affect and motivation, computing education researchers have increasingly studied
the emotions that arise in programming [13, 16, 22, 24, 25, 39],
recently summarized in [32]. For example, Bosch & D’Mello identified novice programmer affective states, showing that novices
experience emotions from engagement and happiness to disgust
and frustration [7]. Kinnunen and Simon identified different aspects
of freshman programmer experiences, like the "hit by lightning"
experience, which occurs when a student encounters a problem
that they did not expect [26, 27].
A number of these studies have identified that student emotions correlate with measures of student success, like performance
and persistence. For example, Bosch et al. identified that boredom,
flow, and confusion are correlated with student performance [6].
Lishinski et al. found that emotions correlate with student performance on projects and has long- and short-term effects on course
performance [29]. Haden et al. identified that by using scales of
interest, improvement, plan, and satisfaction, they could identify
students who are likely to be at risk of failure [25]. Studies have
also documented that student emotions correlate with self-efficacy
and self-assessed productivity [24, 27, 29]. For example, Kinnunen
and Simon documented that after an unsuccessful programming
episode, students expressed that they had feelings of inadequacy
and stupidity. Additionally, emotions likely influence student persistence through the CS major since enjoyment of programming is
a main factor in student decisions to major in CS [28], and students’
recollection of past programming assignments are dominated by
their emotional experiences [25, 26].

2.3

Existing methodologies for identifying
triggers of emotions during programming

A few studies have attempted to identify the triggers of the various
emotions that students experience while working on programming
problems. Two studies identified a list of triggers for both negative
and positive emotions by asking programmers generally about the
causes of their emotions [22, 34]. Despite the interview happening
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directly after a programming session, these studies did not direct the
questions about emotions towards specific instances in that session,
but were general to their programming experiences. For example,
Girardi et al. asked programmers "What are the causes for your
negative emotions during programming?" These types of questions
require students to reconstruct memories based on an association,
in this case programming events associated with emotions. Asking
students question in this format results in less accurate recollections when compared to asking students to provide detail of specific
instances of a programming session [36, 38]. Drosos et al. accessed
specific examples of frustration by instructing students to report
their emotions on a survey throughout a programming session [20].
While this data provides specific examples of emotional triggers
in-action, the programming session is not authentic because the
students had to report their emotions throughout the session. Additionally, identifying the points of interest are solely reliant on
students to remember to report their emotions. Although they did
not directly report on the triggers for student emotions, Bosch &
D’Mello addressed these issues by using a qualitative approach to
understand the emotions that novices experienced during their first
computer programming learning session [7]. The researchers and
participants watched the screen recording and front-facing video
of the session, pausing the recording at specific interaction events
to ask participants about their affect. Since the probing points were
predetermined, these findings may be missing instances when students have emotional reactions that the researchers did not expect.
In this paper, we explore a new method for studying specific instances of triggers of student emotions in authentic programming
episodes.

2.4

Electrodermal activity (EDA) measurement

When a person experiences an emotional stimulus, it creates sympathetic neuronal activity, which results in frequent, tiny changes
in sweat production [8, 9, 17, 19]. These changes may not be noticeable to the individual, but can be detected through electrodermal
activity (EDA) sensors. Electrodermal activity is the measurement
of skin conductance, which is based on the amount of sweat; the
more sweat on a person’s skin, the higher electrical conductivity.
The EDA signal can be broken into two components, phasic
and tonic, seen in Figure 1 [12]. Phasic activity is the short-term
fluctuations, or peaks and valleys, that represent neuronal activity.
These peaks are referred to as skin conductance responses (SCR)
and can be used to study temporally unfolding events, as their
intensity reflects physiological significance of events that trigger
them [8, 19]. Tonic activity is the general level of EDA and varies
slowly, thus is referred to as the skin conductance level (SCL). While
SCL is influenced by emotions, external factors can also impact SCL,
like time of day [9]. Shifts in tonic level and changes to frequency
and amplitudes of peaks in the phasic activity are indicators of
changes in emotions [9].
Physiological data, and specifically EDA, has been used to study
students’ affective state during cognitive tasks [5, 12, 14, 31, 45].
EDA data addresses three common challenges with measurement
of student emotions [12]:
• Emotions can occur at any time, but many data collection
methods capture information at specific intervals. EDA can
be measured continually through an entire activity.
• Participants do not always express the emotions they have
experienced. EDA can indicate the presence of emotions,
even when participants have difficulty reporting those emotions due to their inability to remember, discomfort in talking
about the emotional experience, or challenges with describing emotions accurately.
• Emotions can be subconscious. Not all emotions are conscious to respondents, yet EDA can capture these sub-cognitive
reactions [17].
Additionally, EDA data is simple to collect. There are many devices
that can measure EDA, most of which have a cost accessible to
researchers and only require the user to wear a wrist-band or clip
on their finger.

2.5

Figure 1: Phasic and tonic activity in an EDA signal.
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Studying student programming using
electrodermal activity

Computing education researchers have begun to use EDA as a tool
to understand student emotions during the programming process.
Two studies developed machine learning models that could accurately predict emotions from EDA data of a programming session
[22, 34]. To create ground truth data, the researchers periodically
interrupted the participants while programming to get self-reported
emotions. Then they trained and tested SVM machine learning models using the EDA data. Both studies were able to build models that
could reliably predict programmer emotions. While these machine
learning algorithms demonstrate the prediction power of EDA data
to understand student emotions, machine learning models require
large amounts of training and testing data, often for each individual
student, as well as development time and knowledge. Additionally,
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qualitative methodology to uncover the rich context of students’
emotional experiences while programming.

3.1

Participants & setting

We recruited 14 undergraduate students (10 men and 4 women,
aged 18-21) from a mid-sized private university in the Southeastern United States. We conducted this study at the beginning of a
semester, in January 2022. All participants had only completed one
introductory CS course; some participants had started a second
introductory CS course. We choose this population of students because we believed they had enough experience with CS to develop
perceptions and opinions, but were still deciding if they should
pursue CS. We recruited students through emails sent by the professors of the introductory programming courses and announcements
made in class.

3.2

Study procedure

The first author conducted two-hour interviews with participants
individually, following social distancing and masking protocols.
There were two sections of the interview: a programming session
and a retrospective interview.
Figure 2: The Empatica E4 wristband [2].

machine learning algorithms only provide information about the
outcomes of the algorithm, and not the context in which the emotions arose, the factors that determined the algorithm’s decision or
the insights into the transitions between moments.
A number of other studies have also explored the use of EDA
in understanding the programming experience [3, 11, 35, 46]. For
example, Worble evaluated the number of SCRs that occurred during a programming task and found there was a correlation between
number of SCRs and student self-report of their overall emotion
[46]. Ahonen et al. used EDA to look at emotional synchrony between pair programmers [3]. They utilized visual inspection and
signal evaluation to investigate differences and similarities in pair
programming roles.
In this paper, we present to the ICER community a new approach
to utilizing electrodermal activity (EDA) to provide insights into
the events that trigger students to experience emotions while programming. Additionally, we provide a new, accessible method that
computing education researchers can use to understand student
emotions by harnessing the power of EDA through qualitative
analysis.

3

METHOD

This study aimed to answer our two research questions by identifying the events that trigger student emotions while programming
and studying whether students’ remembered experiences align with
EDA data. We designed a lab study in which we collected EDA data
while students worked on programming problems, and then conducted a retrospective interview that leveraged the EDA data using
a cued-recall technique to improve students’ ability to remember
their emotional experiences. We chose to analyze our data using a

3.2.1 Programming session. Participants were directed to work on
a programming problem for 30 minutes. The problem description,
which described the expected functionality and provided examples, asked participants to write a function that removed duplicate
words from a sentence, where duplicates were case-insensitive. We
designed the lab study to emulate a normal programming session
as much as possible. The researcher instructed participants to use
resources as they would for a normal homework assignment. Participants used their own laptops, but used the jGrasp IDE [18],
which was new for many participants. When the participant began working on the problem, the researcher left the room. While
programming, participants wore an Empatica E4 wristband EDA
sensor [2, 33] on each wrist, as seen in Figure 2. We choose to
use a wristband sensor instead of fingertip sensors because it is
less disturbed by the movements involved in using a keyboard and
mouse.
3.2.2 Retrospective interview. After the programming session, the
first author followed the procedure in Section 3.3 to analyze the EDA
data captured by the Empatica E4 device. This analysis produced a
list of timestamps of skin conductance responses (SCRs) captured
in the EDA data, which indicates potential emotional responses.
The first author then conducted a retrospective interview [21]
using cued-recall techniques [4, 10] with the SCRs as cues. The
researcher and participant watched the screen recording and laptop
camera recording of the programming session together, with the
list of SCR timestamps displayed onscreen as a reference. As they
watched the recording, the researcher asked the participant to
describe their programming experience and any emotions they
felt. When they reached a point in the recording that aligned with
an SRC timestamp, the researcher informed the participant that
an SRC had occurred and asked them to describe what happened
at that moment and whether they experienced an emotion. Any
time the participant identified an emotional reaction, the researcher
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asked whether it was a positive or negative emotion, and what they
believe caused the emotion.
One potential concern with this approach is that participants
might feel pressure to create a narrative to fit the SRCs, for example
due to a bias caused by the study’s demand characteristics [37].
To address this issue, the researcher discussed the nature of EDA
data with participants at the beginning of the interview, before
watching the recording of the programming session. Specifically,
the researcher told participants that while EDA sensors are good at
detecting when emotional reactions occur, other unrelated factors
can also cause SCRs, such as rapid arm movements. Our goal was
to ensure that participants felt comfortable sharing that they did
not experience an emotion, or experienced an emotion due to a
distraction rather than the programming task, at a moment when
the EDA sensor picked up an SCR.

3.3

SCR detection

The first author conducted the analysis for determining the SCRs
in the programming session after the participant finished programming but before the retrospective interview. To identify SCRs, the researcher first used the peak-detection algorithm from EDA explorer
[43]. To determine the correct parameters to set the tolerances for
the algorithm, the researcher conducted a parameter sweep with
16 sets of parameters. The parameters included a tolerance value,
or the minimum amplitude that a peak must reach in order to be
considered an SCR. The researcher chose the parameter set that best
identified distinctive peaks without capturing noise based on visual
inspection of graphs of the detected peaks from each parameter set.
Finally, the researcher visually inspected the graph to remove any
mislabeled SCRs and add any unlabeled SCRs in order to improve
the accuracy of the results. Visual inspection has been used to
identify SCRs in prior work [12, 35]. Visual inspection can improve
the accuracy of EDA data because SCRs may not always be perfect
peaks. For example, when there are multiple SCRs in a row, the
second peak might start before the first resolved, making it difficult
for an algorithm to identify them. The result of this analysis for
participant 12 is displayed in Figure 3.

3.4

Identification of triggers of emotions

We conducted a qualitative analysis of the interview data to identify
types of moments in the programming session that triggered emotions. The first author generated an initial codebook for moments
that trigger emotions. She started by reviewing a subset of the interview transcripts with an open-coding protocol [15], focusing on
instances when participants expressed an emotion and described a
trigger for that emotion. She iterated on the themes as she reviewed
more transcripts.
This process generated a list of emotion triggers and associated
descriptions of the triggers broken into positive and negative emotion categories. For example, after having an issue with the compiler
a participant said: "I think I was happy that ran". We categorized
the trigger of the positive emotion in that moment as "resolving
interface issues".
The first two authors then used the codebook to independently
code emotion-trigger pairs in the data. They coded interviews separately and discussed discrepancies after coding each transcript,
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iterating on the codebook when necessary. To check consistency,
the two authors independently coded three transcripts, or 21% of the
data. They had a percent agreement of 83%, which represents good
agreement. The first author coded the remainder of the transcripts.

3.5

Analysis of EDA data with respect to
student experiences

We next investigated how the EDA data reflects student experiences throughout the programming session to better understand
how EDA data can be used to interpret the student programming
process. We aligned the graphical representation of the EDA data
with participants’ descriptions of their experiences across the entire programming session. While in the interview we only used
the timestamps of SCRs, for this analysis we considered three features to reflect more gradual emotional changes that take place
across time. The three features that we used to analyze the EDA
graphs are: the amplitude of SCRs, frequency of SCRs, and drifts or
changes in skin conductance level (SCL), as they are most indicative
of emotions [9].
During the analysis, the first author annotated each participant’s
EDA graph with the student’s recollections of the activities they performed and the emotions they experienced during the programming
session. This side-by-side view of student report and physiological
data facilitated analysis of how EDA evolved with students’ emotional reactions as they worked through the problem. Then the first
author wrote memos about the patterns that she observed in the
EDA data, observing how the descriptions of the events aligned
with changes in the EDA features [41]. The memos were used to
detail the first author’s observations of the notable behaviors of the
EDA data as related to the student recalled experiences. Finally, the
first author reviewed the memos and the annotations to identify
common patterns seen across multiple participants.

4

FINDINGS

We share our findings, corresponding to our two research questions, in the following two sections. First, we present a set of events
that trigger students to experience positive and negative emotions
while programming and present detailed examples from our data set.
Second, we present evidence of the relationship between student
remembered experiences and patterns in their EDA data, identifying a few common emotional patterns that arose across multiple
participants.

4.1

Events that trigger student emotions

To answer our first research question, we identified a set of programming events that students said triggered an emotional reaction. From the qualitative analysis, we identified 21 themes of these
events, including 8 that participants reported caused positive emotions (see Table 1) and 13 that participants reported caused negative
emotions (see Table 2). When identifying the triggers, we only labeled moments where both the emotion and trigger were present.
Thus, there may be other instances of these triggers where participants did not experience an emotion. The count represents the
number of instance when these triggers caused an emotion. Interestingly, many of the positive events were opposites or counterparts to
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Table 1: Events that triggered positive emotions during the programming session.
Trigger
Getting direction from a resource
Typing code / making progress
Completing a step in coding problem

Having a plan
Fixing errors
Remembering syntax correctly
Understanding the problem statement
Resolving interface issues
Other

Explanation
Count
When a student learns something or finds something useful in a resource.
22
When a student has positive emotions from the action of typing code in the editor.
11
This occurs when there is the feeling of being productive.
When a student completes a task, whether it is a step in the programming problem,
10
or a subgoal in their process to completing the problem. This is outcome oriented
and denotes concrete completions of a step, generally evidenced by running code,
but not always.
When a student has a plan for their code. This also could be relief or excitement
9
from recognizing a new plan.
When existing errors are fixed and no longer present.
7
When a student remembers syntax without external help. This is not about writing
5
code, but specifically remembering without help.
When a student has positive reaction from reading the problem statement because
3
they understand the question.
When a student resolves an issue unrelated to solving the programming problem.
3
Some examples include: IDE, finder, resource access. This is the end of the “interface
issues” trigger.
When a student experiences a positive emotion but the triggering event does not
4
fit into one of the specified labels.

Table 2: Events that triggered negative emotions during the programming session.
Trigger
Not knowing something

Explanation
Count
When a student feels they need to use a resource because they do not know some23
thing, because they forgot it or do not know it.
15
Interface issues
When a student has issues unrelated to solving the programming problem. Some
examples include: ads, IDE, finder, resource access.
Resource not helping
When a student uses a resource but does not find it to be helpful. This may occur
15
because they do not understand the resource or can not find the right source.
When a student gets an error. This is about the existence of an error and not the
Realizing there is an error
14
struggle with fixing the error
Struggling while trying to fix an error When a student struggles with or spends a long time working on errors, whether
12
they are simple or not. For example, repeatedly trying to solve the same error
multiple times unsuccessfully.
Intimidation from reading problem When a student has a negative reaction to reading the problem, either because they
11
statement
do not know how to approach the problem or because they are intimidated by it.
Not making progress
When a student feels they are not making progress towards the solution. This
6
could be displeasure about spending time thinking or not making progress on the
problem.
Realizing code/plan not working as ex- When a student has implemented code and realizes the code or their plan for the
4
pected
code is not working in the manner they expected. This occur when running or from
reading the code.
Changing approach / deleting code
When a student changes the approach they have been taking towards the problem.
4
This often appears when a student deletes lines of written code.
Not understanding error message
When a student does not understand the text of an error message.
2
Struggling to fix program behavior
When a student struggles to fix a logic error or incorrect code behavior.
2
Encountering code formatting issues
When a student has issues with the formatting of the code, not the functionality of
2
the code.
Not remembering problem description When a student has to read the problem statement again because they forgot it or
2
misunderstood it.
Other
When a student experiences a negative emotion but the triggering event does not
5
fit into one of the specified labels.

Using Electrodermal Activity Measurements to Understand Student Emotions While Programming
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Figure 3: Results from skin conductance response (SCR) detection for P12. SCRs are marked by dotted vertical lines. EDA level
is displayed in blue.
negative events. For example, we found that negative emotions occurred when a student experienced issues working with their tools
(code: "interface issues"), and positive emotions occurred when a
student relieved those issues (code: "resolving interface issues").
Many of these moments involved interaction with a variety of
information, resources and tools, like reading the problem statement, interacting with the console in the IDE, and searching for
resources online. While students may interact with the same tool or
process, we often found that they experienced different emotions
depending on their intentions, responses, and results of the interaction. For example, students often searched for resources to help
them complete the coding problem, but their emotional responses
differed depending on whether they found the resource helpful
(code: "useful resource"), unhelpful (code: "resource not helping"),
or difficult to use (code: "interface issues"). We also found that students had different reactions to the exact same circumstances. For
example, some students had a negative emotional reaction when
they could not remember syntax and used a resource to look it up
(code: "not knowing something"). However, other students in the
same situation did not experience an emotional reaction at all.
While we did not reference the physiological data while conducting this analysis, that data informed the retrospective interview.
One risk of this approach is that participants may have felt a need
to explain the SRCs, even if they did not experience emotions at
those moments, which could lead to inaccurate trigger-emotion
pairs. To confirm that participants felt comfortable sharing that
they did not experience an emotion, or experienced an emotion due
to a distraction rather than the programming task, we reviewed
all instances where the researcher asked the participant if they
experienced an emotion when an SRC was detected. We found that
all 14 participants said that they did not experience an emotion at

least one time when directly asked. For example, when asked if he
experienced any emotions at a particular SRC, P3 said “I think not
yet. I’m not sure what it would be yet.” Many students also shared
that external factors impacted their programming session. For example, when asked if he experienced an emotion at a particular
point in the programming session, P10 said “No, I don’t think so. I
just started texting on my phone.” These responses provide some
confidence that students were accurately reporting their emotional
experiences in the interviews.
The benefit of this methodology is that it allowed us to question
students about very specific moments during the programming
session. As a result, we were able to dig into the specific experiences that led to emotions. In the following sections, we describe
nuances and overarching themes for some of our most frequent
codes, highlighting differences in the ways that students described
the triggers of their emotions.
4.1.1 Not knowing something. “Not knowing something” was the
most frequent trigger for negative emotions in our data set, with
23 instances across 11 of our 14 participants (79%). The emotions
that students most frequently described at these moments were
frustration (7 mentions) and annoyance or irritation (8 mentions).
Some students also associated this moment with embarrassment or
shame (4 mentions).
When describing the moments of “not knowing something”,
participants frequently mentioned that they had once learned the
content they were trying to remember. “I know I’ve written this
type of code a lot of times. So I’d say I was probably annoyed with
myself for not remembering it...that it didn’t come in my head straight
away” said P3, when describing his annoyance for not remembering
the syntax for using the length method. P10 described his lack of
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memory for how to separate words in a String, saying “It was
annoying because I had done that before, I just couldn’t remember”.
The memory that this information was once at their fingertips
seemed to contribute to their irritation that it was now gone.
Participants also described the simplicity of what they had forgotten as a reason for their negative emotion around forgetting. “I
was a little bit ashamed that I forgot how to do something so simple in
Java,” said P11, describing her memory lapse when importing the
Java Scanner. P5 expressed that he “should” recall the typical first
line in a Java program: “[I]t was muscle memory back when I took
that class, where I would just import java.util, and then I forgot
how to spell it.”. The participants perceived these minor details as
basic, and thus within their capacity to memorize.
At times, participants generalized their lack of knowing something quite broadly, stating that they had forgotten everything
about a topic or even a whole course. P1 said, “most of my knowledge from the class I might’ve forgotten, so going back and having to
use a resource was a little bit irritating, certainly.” P13 recalled feeling “embarrassed” after watching the screen recording of getting
errors in her code. She reflected, “I realize[d] I don’t remember any
of this”. Upon looking at her previous assignments, P8 described
her emotional response: “okay, this is harder than I thought. I don’t
really remember anything from past semester. So I would say again,
some panic”. It is unlikely that these students forgot all of the course
content, but in their emotional state they felt a substantial lack of
knowledge.
In each of these instances of the “not knowing something” code,
we saw that self-judgment was present along with the negative emotional response. When these participants did not know something
or had to look something up, a negative assessment of their own
ability was often a key factor in their emotional appraisal of the
moment. This aligns with past studies that found correlations between self-efficacy and negative emotions [27, 29]. This also aligns
with past work by Gorson & O’Rourke that found that students
negatively self-assessed when they needed to use a resource to look
up syntax or research an approach [23].
We also found that students often had the opposite reaction when
they did know something. Specifically, we found five instances
where students experienced a positive emotion after “remembering
syntax correctly”. For example, after P3 wrote the initial structure
of his code, he said “I was pretty happy that I did remember it on the
first try, which was cool.” This indicates that student emotions are
often tied to whether or not they can recall coding content while
programming.
4.1.2 Getting direction from a resource. “Getting direction from
a resource” was the most frequent trigger for positive emotions
in our data, with 22 occurrences across 11 of our 14 participants
(79%). When participants mentioned feeling a specific emotion
after finding a resource helpful, they were most likely to describe
relief or relaxation (6 mentions), happiness or joy (4 mentions), and
excitement or hope (3 mentions).
We found that sometimes, simply the realization that they had
access to a helpful resource was enough to trigger a positive emotional reaction. P8 found relief when she realized she could search
the internet for help despite not yet identifying specific content to
use in the program at hand. She said: “It’s like, oh, okay. Yes. I can
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use Google. I think it’s a sense of relief, like okay, I have more sources.
I can use other people’s ideas. I just remembered that.” Similarly, P2
recalled that his ZyBooks content might be a useful place to find
insight on the problem, leading to happiness. He described the
triggering moment as, “thinking about going onto my class content,
which I guess to some extent it relieved me from me being lost.” In
both cases, the possibility of finding something helpful in a resource
was enough to spark positive emotions.
Participants often had a specific goal in mind when looking
through resources, and thus experienced positive emotions when
they found it. P4 described such a scenario as she looked through
past programs on her computer to find out how to use the .indexOf()
method: “I knew what I wanted, but I didn’t know the vocabulary for
that and I just found it on my notes.” P14 reported a similar situation,
saying she felt “a little bit of excitement that I saw a result that was
what I was looking for” as she searched Google for information
about how to split Strings.
Other times, participants looked through resources in a less
targeted manner, and thus when they chanced upon information
they deemed helpful they experienced a positive emotion. After P12
typed a broad Google search, he recalled a moment of joy. He said:
“this .split() method did not come to me before, in my mind. And
now I just saw it randomly. So I thought maybe this would work.” P8
had a similar experience when using Google. She recalled positive
emotions when looking through a Stack Overflow page: “I saw
.length and my thought process was of course you can do it with
that .length.” These participants had a chance encounter with a
useful clue, resulting in a positive feeling.
We also saw the opposite reaction to occur when students were
not able to find the help they needed from a resource. We found
16 instances of negative emotions when participants encountered
moments of “resource not helping”. For example, when P1 was not
able to use a website to solve his confusion, he stated “this one
irritated me so much, just opening this website. I was not having it. It
was no help ... I was annoyed.” P13 had a similar experience, stating
that he was frustrated when he was “not finding what I was looking
for.” These findings suggest that resources can often be a source of
emotional stimulus depending on if students are able to find the
information they need.
4.1.3 Typing code / making progress. “Typing code / making progress”
appeared as a trigger for positive emotions in 11 instances across
6 of our 14 participants. Participants expressed happiness or general positivity in these moments (6 instances), as well as a sense
of accomplishment or confidence (2 instances) and relief (2 instances). Participants described these moments in terms like “making progress” (P2, P14), “moment of progression” (P12), and “getting/going somewhere” (P1, P8, P14).
When asked about why they had a positive emotion in these
particular moments, participants often described the process of
writing code. For example, when P2 was recalling a moment when
he erased erroneous code partway through the coding session, he
said, "I pushed delete and I’m thinking of actually progressing". He
described his emotion in that moment as "happy that I’m starting to
write something". For P14, her feeling of hopefulness was triggered
by "seeing the program start to come together and adding more things
to it". P12 described the precise moment when he felt positively
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about his progress as when he typed code in his editor: "When I
start writing int i and int x is equals to one, for this length, I
feel a moment of progression, that I’m actually going forward. I’m
actually going forward in this problem towards the solution". These
participants associated the action of adding content to the editor or
the anticipation of typing code with a positive sense of progression,
even though they had not yet run their code to test whether it truly
worked.
The opposite was also true: negative emotions were associated
with “not making progress”, which were often tied to not writing
code or typing. “Not making progress” was a trigger for negative
emotion for 4 participants, across 6 instances. Participants used a
variety of terms to describe their feelings in this scenario, including
"anxious", "worry", "frustration", "stress", and "distress".
P1 expressed that spending too much time thinking and not
starting to code soon after reading the problem statement led to
a feeling of "anxiety". He said: "I was processing it and I realized I
was taking a little bit too long to start coding. So I was like, ‘Shoot.
Okay, let’s go. Let’s transfer over to start coding’”. Even in the beginning of the programming session, P1 felt negatively if he was not
implementing code.
At times, the emotions around making progress were so strong,
they determined the participant’s behavior. For example, P2 was
using the internet to get help on the problem, but did not find
the answer he was looking for. He felt frustrated "because I’m not
actually progressing in what I want to do". Instead of continuing to
use resources, he went back to his code and started typing. He said,
I know one thing that I did wrong, which is just go back
to the code. I should have known that I’m not going to
just figure out suddenly something off of just going right
back into the code and doing something. I just really
felt like I wanted to progress...I wanted to just I guess,
still maybe delete something or maybe type something,
but it’s not really even useful. So, I just wanted in any
way, having the feeling of progressing.
His desire to have the positive feeling of making progress was so
strong that he stopped and went back to the code, even though he
admits that it was futile.
We found that our participants’ sense of progress can drive emotion, both positively and negatively. This sense of progression is
often associated with the action of typing code in the editor, whether
it is beneficial or not and can drive participant programming behaviors.
4.1.4 Realizing there is an error. We found that the moment when
participants realize that an error is present can yield negative emotions. We identified 14 of these instances across 7 of our 14 participants (50%). These participants expressed specific emotions like
frustration or annoyance (6 mentions), worry (2 mentions), and
disappointment (2 mentions) upon realizing there was an error in
their code.
Participants shared that one reason "realizing there is an error"
can trigger emotions is that it revealed that their code was not correct. "Realizing there is an error" was more likely to cause negative
emotions when participants expected their code to be successful,
versus when they did not expect it to work. P1 described such a
moment: “The main thing about the error that frustrated me was that
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I thought I had a solution... but I just didn’t”. Similarly, P7 described
his disappointment at seeing an error message after compiling his
code as: “It’s just a let down, as I said. It’s a confidence roller coaster.
Hitting that compile button, I knew that it wasn’t going to be completely correct, but yet I had the confidence it was”. Although he was
aware that it was unlikely that his solution would work, he still
believed it would, and thus was saddened by the error.
Even when the error was relatively minor and easy to fix, some
participants still felt negative emotions. For P6, a minor error caused
a negative emotion because it was a repeated error. He described
his reaction as: “I got the same error I got before. So I knew how to fix
it, but then I had another error, but it was something really simple. So
probably just another slight frustration”. While the frustration was
slight, P1 had a negative emotion after experiencing multiple errors
in a row. P5 had a similar experience, where he felt annoyed at a
small error after receiving multiple, even though the error itself
was understandable and easy to fix. He said, “I guess that would’ve
been an instance of having screwed that up a couple of times and then
again, making another tiny little mistake”.
Just the recognition that an error exists caused a negative reaction for some of our participants. At times, these errors indicated
large issues in their plan or code, while on other occasions, the
errors were quite simple. This may be due to the circumstances in
the programming session, like finding multiple errors in a row, or
negative views on errors.

4.2

Emotional experiences reflected in EDA data

To answer our second research question, we explored the relationship between the participants’ remembered experiences and the
tonic and phasic changes in the EDA data, finding strong alignment.
Specifically, the EDA data provides a map of student experiences,
not only highlighting emotional moments (reflected by peaks), but
also aligning with their emotional state over time (reflected in tonic
level and peak frequency and amplitude). We share two participants’
programming episodes to demonstrate how EDA data reflects their
experiences. We also share three patterns that we observed across
participants in the analysis process.
4.2.1 Participant 11. We start by describing the programming session of Participant 11 (P11) and the aligning EDA data. See Figure
4a for the respective EDA graph with associated quotes. At the beginning, P11 described feeling nervous and stressed about working
on the problem. This initial reaction to the programming problem aligns with the small but noticeable peaks that we see around
Marker A. Following Marker A, we observe a downward slope
in the EDA data at Marker B. At this point, P11 is waiting for a
resource to open. From the interview data alone, we would not
know if P11 continued to feel stressed during the waiting time or
was just sedentary. From the reduction in peaks and downward
slope of skin conductance level (SCL) in the EDA data, we can infer
that the participant was sedentary in this transition. Once P11 has
access to the resource, she reported feeling nervous and anxious
about how much she will complete. This nervousness occurred
around Marker C, when the SCL rose and the peaks increased.
After searching through resources, P11 realized that the preset
function she was looking for did not exist, and she would have
to write the code for this sub-task herself. This caused a strong
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(a) EDA graph of P11

(b) EDA graph of P8

(c) EDA graph of P9

Figure 4: EDA graphs of participants demonstrating the "Cruise Control" pattern, which begins on each graph at the Marker X.
emotional reaction, which lines up with the large spike that can
be seen at Marker D. Afterwards, she continued to look for a
resource to help solve the problem. The SCL drifted down as she
made progress in understanding the problem and determined an
approach. Around the time of Marker X, she found a website that
helped her develop a concrete plan for implementation. After that
point, she was much calmer. Her energy shifted from determining
how to solve the problem to implementing the plan laid out in the
resource.
4.2.2 "Cruise Control". For a number of participants, we found that
a large decrease in EDA (both SCL and phasic activity) occurred at

the same time as the participant determined their plan and started
to implement their code. This occurred for P11 at Marker X, as
described in the previous section. We also saw this phenomena with
P8 and P9, shown in Figures 4b and 4c. These participants described
an event that helped them determine their plan for approaching
the problem, allowing them to shift their focus from research and
planning to implementing the new approach. The participants described feeling calmer and less stressed while implementing compared to planning, because they perceive implementing as a more
confined problem space then planning. P8 described why she was
less stressed after making a plan: "the first part was more frustrating and the second part was more exciting than stressful because as
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time passed, I had a better understanding of the problem and better
understanding of how to use the resources and got comfortable with
the situation more”.
The EDA data for this point of the programming session demonstrated very strong similarities across the three participants. At
each of these moments, there was a steady, large drop in EDA followed by consistently lower SCL and phasic activity. This can be
seen in Figure 4, where we have marked an X at this moment in
each of the graphs for P8, P9 and P11. P9 used the term “Cruise
Control” to describe the implementation phase. He said: "Yeah, I
think more so in just cruise control here, where I know and I have a
plan as to what I’m going to do. So there’s minimal gray area with
my plan and I just know what’s happening, which is a solid feeling.”
His description of “Cruise Control” aligns with the other students’
experiences, as they all expressed that they felt that the problem
was mostly solved after the turning point, and was evidenced in
the EDA data.
4.2.3 Participant 1. Next, we describe P1’s programming session
and respective EDA data. See Figure 5a for the respective EDA
graph with associated quotes. Shortly after beginning, P1 reported
being disappointed when he realized that he was spending a long
time thinking and had not begun to code. He expressed that he
was anxious and thought "Shoot. Ok, let’s go. Let’s transfer over to
start coding". This feeling came with a "sense of urgency” to start
implementing, which aligned with a peak in EDA at Marker A.
Later in the programming session, P1 tested his code and got an
error. The error aligns with the peak in EDA at Marker B. After
the error, the annoyance continued as the participant could not
determine how to fix the code despite using resources. This aligns
with the section following Marker B where there continues to
be frequent peaks in the EDA data. He then recognized that he
was unsuccessful at using resources around Marker C, expressing
disappointment that aligns with a time when the EDA peaks have
high amplitude and are close together. Both the density and height
of the peaks and the participant’s qualitative description indicate
that this shaded section was a strongly emotional and frustrating
part of the session.
P1’s SCL drifts downward as his emotions became more positive.
He shares that he actively calmed himself down. He describes that
he was "attempting to gather my thoughts and bring my emotions
down to a level where I could actually make good and viable steps
towards working on a solution." Then, he recalled feeling calmer
and starting to make progress around Marker D, where there is
a decrease in SCL and less frequent peaks. The negative emotions
reemerged at the end of the session. He described his thinking as:
"being reflective, but in a bad way. More as in, ‘Wow. Well, I suck’".
This negative emotion and evaluation aligned with Marker E on
the EDA graph, which shows a large, rapid increase in EDA followed
by a few additional peaks.
4.2.4 High emotion sections of a programming session. A visual
inspection of P1’s EDA graph shows an increase in physiological activity around Markers B and C with all three indicators of
physiological reactions: frequent peaks, increased altitude of peaks,
and increased SCL. As expected, this aligns with his description of
particularly strong emotions, indicating that he reached a peak of
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frustration. Looking across the EDA graphs, we found other participants with a section of the programming session that has multiple
indicators of physiological reactions and aligns with a particularly
emotional section of the programming session, like P3 and P10,
which can be seen in Figure 5. These sections may be particularly
important to identify and understand because participants are having such a significant physiological reaction to the programming
experience in these moments.
P10 had a section of high frustration and annoyance because he
did not have the resources he wanted and was not able to remember how to do part of the programming problem. This frustration
directly aligned with peaks in the EDA that had significantly higher
amplitudes than the earlier section of the problem and slight increase in SCL, seen at the beginning of the shaded section of the
graph. The peaks persisted as P10 could not find what he was looking for. Relief from this highly emotional part came when he found
a resource. The peaks subside in the EDA data and the SCL began
to lower at this time, right after the shaded part of the graph. In the
identified part of the programming session, P10 experienced strong
emotions, aligning with high amplitude and frequent peaks in the
EDA data.
In the EDA graph of P3, there is an increase in frequency and
amplitude of the peaks (at the first part of the shaded section)
followed by an increase in SCL (at the second part of the shaded
section), which aligned with a particularly frustrating part of the
programming session as P3 struggled with an error. Following
that initial error, the participant continued to struggle with errors.
Around the end of the shaded part, the participant was feeling even
more frustrated. He described this as: "I’d say that coming up here
was probably the most frustrating part of the whole thing, like when
this doesn’t work." At the time when there was an increase in SCL
and high peak amplitude and frequency, P3 describes the highest
frustration.
4.2.5 Low EDA activity indicating fewer negative emotions. While
the majority of the participants had both tonic and phasic activity in their EDA data throughout the programming session, two
participants, P4 and P14, had steady EDA levels throughout the
entire programming session. Specifically, the graphs for P4 and P14,
seen in Figure 6, show consistent EDA during the programming
problem, both in SCL and in the lack of phasic activity. For both
participants, this sharply contrasts their EDA activity before the
programming session, in the shaded region, which starts with high
SCL and has phasic activity, demonstrating the range their EDA
could reach if they encountered emotional stimuli.
During the qualitative coding analysis, we identified the fewest
instances of negative emotions for these two participants. P4 and
P14 had 2 and 4 negative emotions respectively, while the remainder of the participants had an average of 9.25 negative emotions,
ranging from 6-15. P4 explained why she did not get an emotion
when she realized there were errors, a trigger for some of the other
participants. She said: "Every time after I type code and I run it for
the first time, I expect it to fail. So that’s why ... it didn’t affect me
that much either way." Similarly, when asked about emotions, P14
expressed that he was mostly thinking and not experiencing emotions. For example, after running his code, he said "I think it’s still
mostly just kind of thinking and sort of analyzing, but the program
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(a) EDA graph of P1

(b) EDA graph of P3

(c) EDA graph of P10

Figure 5: EDA graphs demonstrating high emotion sections, indicated by the shading.
just outputs. Trying to think about what to do next." Interestingly,
both P4 and P14 had similar number of positive emotions to the rest
of the participants, 6 and 9 respectively, while the remainder of the
participants had an average of 5 positive emotions, ranging from
0-9. In our data, positive emotions seem to not be as influential to
phasic or tonic activity in EDA as negative emotions.

5

DISCUSSION

Our analysis of retrospective interviews informed by EDA data
from 14 undergraduate students allowed us to identify 21 different events that trigger emotional experiences while programming.
These triggers and associated emotions provide new insights into
the programming experiences that are most salient for students.
The most common event to trigger a negative emotion was the

experience of not knowing something, highlighting the pressure
that students put on themselves to remember syntax and problemsolving approaches they have used previously. Similarly, the most
common event to trigger a positive emotion was getting direction
from a resources, showing that finding direction and having a plan
is both relieving and exciting. Interestingly, many of the triggers
of positive and negative emotions were opposites of each other,
which can help us identify the big moments that are likely to produce emotional reactions, such as making or not making progress
and getting or fixing an error. While all but one participants experienced positive emotions, all participants experienced negative
emotions and we saw a larger number of negative emotions overall. Furthermore, many participants exhibited strong reactions to
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(a) EDA graph of P4

(b) EDA graph of P14

Figure 6: EDA graphs demonstrating participants who experienced few negative emotions while working on the programming
problem.
negative triggers, for example by jumping to self-judgment, which
may suggest underlying issues in programming confidence.
These insights into students’ emotional experiences while programming have important implications for research and practice.
Previous research shows that experiencing negative emotions while
programming correlates with lower project and course performance,
both in the short and long term [30]. As a result, the finding that
many students experience more negative emotions than positive
ones while programming is problematic, particularly since some

students show indications of negatively self-assessing in response
to emotionally-triggering events. Future research could explore the
relationship between emotional reactions and other key factors,
such as self-efficacy [27, 29], sense of belonging [44], and negative
self-assessment moments [23] to better understand the implications of negative emotions while programming. In the near-term,
our findings on the common triggers of both positive and negative emotions could inform pedagogy and practice, for example by
prompting discussions about common emotional experiences and
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discussing strategies for managing feelings of frustration, anxiety,
or under-confidence while programming.
Our second analysis identified broader patterns in the EDA data
that aligned with participants’ remembered experiences. We found
that the EDA data clearly reflected the narratives that students described in their retrospective interviews, even though participants
did not have access to the full EDA graphs. Common patterns, such
as a reduction in tonic SCL in the EDA data after devising a plan
and beginning to implement it, arose from the data despite our
small sample. Furthermore, we found that students can have very
different emotional experiences while programming. Some students
experience very few emotions, reflected in their steady and low
EDA data, while others experience periods of strong and intense
(usually negative) emotions, which aligned with high phasic activity
and a raise in SCL. These initial findings suggest many directions
for future research. For example, researchers could use patterns in
EDA data to compare student experiences or isolate particularly
interesting segments of a programming session. Further studies
could also use this methodology with a larger sample of students
to identify additional common patterns in student programming
experiences, and potentially study the relationship between these
patterns and outcomes like performance and self-efficacy.
This research was enabled by a new methodology that combines
EDA data with retrospective interviews. Our findings suggest that
EDA data can serve as a valuable resource for prompting student
recollections during interviews. Students easily identified and described the emotions they experienced at SCRs, along with the
associated context in their programming session. They also felt
comfortable telling the researcher when no emotion had occurred
at an EDA peak, suggesting that their recollections of emotions
were valid. As a result, we believe this is a promising method for
gaining insights into students’ emotions while programming. In
the future, a similar approach could be used to explore emotional
reactions during many types of coding activities such as reading
unfamiliar code, using instructional materials, or pair programming.
Future work should also further validate this approach by using
an experimental design to compare traditional interviews, retrospective interviews that use only screen captures of programming
sessions, and retrospective interviews with screen captures and
EDA data. This would allow us to directly measure the added value
of EDA data in prompting detailed student recollections of their
emotional experiences.

6

LIMITATIONS

While this study contributes new insights and an approach for understanding student emotions, it has a few important limitations.
First, we recruited students from a single private university. This
limits the generalizability of our findings, because students in a
different learning environment might have a different set of emotional triggers or might exhibit different physiological reactions
to a programming session. In addition, while our algorithms and
methods were designed to reduce the impact of noisy data, there
is always the potential for data inaccuracies when using physical
sensors, resulting in either false-positives or false-negatives in the
EDA peak data. Furthermore, while we incorporated physiological
data into our interview protocol with the goal of improving recall of

Gorson et al.

emotions, we are still limited by participants’ ability to identify and
describe those emotions. Since we provided participants with a list
of SCRs during the interview, one concern is that participants may
have felt pressure to produce a narrative that explained the peaks.
Our data suggests that participants felt comfortable notifying us
when no emotion occurred at a given peak, but it is still possible
that the presence of the peak data overly influenced student recall
of the events that triggered emotions. Conducting a formal study
comparing retrospective interviews with and without EDA peak
data could help further validate the reliability of this approach for
investigating emotional experiences in the future.

7

CONCLUSION

In this paper, we leverage electrodermal activity (EDA) data to
prompt student recollections of their emotional experiences while
programming during retrospective interviews. This approach allowed us to identify 21 distinct events that trigger positive and
negative emotions during programming sessions, providing new
information about the experiences that are most salient for students. We also showed that there is a strong relationship between
student remembered experiences and the tonic and phasic elements
of EDA graphs, demonstrating the expressiveness of EDA data. Our
findings suggest that many students experience more negative than
positive emotions while programming, and that different students
can have very different emotional reactions to the same programming events. This research opens up a number of potential areas
for future work, including studies of the relationship between emotions while programming and other factors such as self-efficacy or
self-assessments as well as further investigations into the utility
of EDA data for prompting student recollections of emotions. We
hope that this research inspires a continued focus on the emotional
experience of introductory programming students.
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